Abstract-The Timed Up and Go (TUG) test is a clinical test to assess mobility in Parkinson's disease (PD). It consists of rising from a chair, walking, turning, and sitting. Its total duration is the traditional clinical outcome. In this study an instrumented TUG (iTUG) was used to supplement the quantitative information about the TUG performance of PD subjects: a single accelerometer, worn at the lower back, was used to record the acceleration signals during the test and acceleration-derived measures were extracted from the recorded signals. The aim was to select reliable measures to identify and quantify the differences between the motor patterns of healthy and PD subjects; in order to do so, besides comparing each measure individually to find significant group differences, feature selection and classification were used to identify the distinctive motor pattern of PD subjects. A subset of three features (two from Turning, one from the Sit-to-Walk component), combined with an easily-interpretable classifier (Linear Discriminant Analysis), was found to have the best accuracy in discriminating between healthy and early-mild PD subjects. These results suggest that the proposed iTUG can characterize PD motor impairment and, hence, may be used for evaluation, and, prospectively, follow-up, and monitoring of disease progression.
I. INTRODUCTION
T HE Timed Up and Go (TUG) test is a widely used clinical test [1] to assess balance, mobility and fall risk in the elderly [2] - [4] and in patients with Parkinson's disease (PD) [5] , [6] . It consists of rising from a chair, walking 3 m at preferred speed, turning around, returning and sitting. It is simple and easy to perform in the clinic. The traditional clinical outcome of this test is its total duration [1] , which is usually measured by a stopwatch. This single measure evaluates the locomotor performance as a whole, providing no information regarding the performance in specific components of the test. This is why, recently, instrumented versions of the test [instrumented Timed Up and Go (iTUG)] have been proposed [7] - [12] , in which inertial sensors were used as the measurement system. These studies showed the potential of using inertial sensors to boost the quantitative information about the TUG performance for fall risk estimation in the elderly [10] , [11] , assessment of cognitive decline [12] , and motor function evaluation of PD subjects [7] - [9] .
In this latter group, in particular, the total test duration measured by a stopwatch was not able to differentiate either between moderate PD and age-matched healthy subjects [8] or between early-mild PD and age-matched healthy subjects [7] . It is clear, then, that the traditional clinical outcome is not appropriate for assessing the distinctive locomotor signs of PD, especially in an early stage when the locomotor function is not highly impaired yet.
Although the above-mentioned studies supplement the information available about TUG performance in PD, they share a limitation: they focus on comparing individual measures between healthy and PD subjects. Instead, the present study focuses on using combinations of different measures to accurately discriminate between the motor patterns of the two populations by using a classifier. To test the accuracy of the classification rule, we planned an iTUG evaluation on a group of early-mild PD subjects and age-matched healthy controls.
In a previous study [13] , classification with subsets of features from an accelerometer-based posture analysis led to highly accurate discrimination between early-mild PD and healthy subjects. Several feature subsets achieved misclassification rates as low as 5%. Most of them included a tremor-related measure, a postural measure in the frequency domain, and a postural displacement measure. This result suggested that quantitative posture analysis with a single accelerometer can provide information for characterizing early postural decline in PD subjects. In this study the same group of subjects were also assessed on their locomotor performance. We hypothesized that the locomotor evaluation using iTUG, followed by a feature selection process, would be able to discriminate between early-mild PD subjects, whose locomotor function is only slightly impaired, and healthy age-matched control subjects.
The specific aims of the present study were: 1) to analyze the reliability of iTUG measures extracted from acceleration signals; 2) to identify the acceleration-derived measures which best characterize early locomotor impairment in PD; 3) to test correlations between acceleration-derived measures and clinical data; and 4) to select a reduced subset of informative and reliable features which can be used to classify the motor patterns of the two populations. (CTRL) subjects ( years old, 14 females 1 ) were examined in this study. Disease severity of the PD group was assessed by qualified medical staff at the Department of Neuroscience, University of Modena and Reggio Emilia with the Unified Parkinson's Disease Rating Scale (UPDRS). The experimental protocol was approved by the local ethics committee; all subjects gave their written informed consent. The PD subjects were tested OFF medication (both for the UPDRS evaluation and for the experimental session, which were done the same day) obtained by a levodopa washout of at least 18 h and a dopamine-agonists washout of at least 36 h. Eighteen PD subjects were in Hoehn & Yahr stage 2.5, one in stage 2, and one in stage 1.5; the motor-UPDRS score (Section III of UPDRS) was (range: 13-41); the mean disease duration was years (range: 9 months -14.2 years). 2) iTUG: As shown in Fig. 1 , subjects were instructed to stand up from a chair without armrests, walk at their preferred speed on level ground, for 7 m (instead of the 3 m of the traditional TUG) from the chair to the turning point, walk back and sit; turns were performed around a traffic cone. The measurement session for each subject consisted of three consecutive trials (repetitions). Between consecutive trials subjects took a rest between 30 s and 2 min long, depending on whether and how long they needed to recover. 3) Measurement System: The test was instrumented by a tri-axial accelerometer (McRoberts Dynaport Micromod), with a sample rate of 100 Hz and a range of g. The same experimenter mounted the system at the beginning of each measurement session; the system was not removed until the end of the three trials. The accelerometer was worn on the lower back, by means of an elastic waist belt, at the level of the fifth lumbar vertebra. Acceleration signals from the antero-posterior (AP), medio-lateral (ML), and vertical (V) directions were recorded.
II. METHODS

A. Subjects and Experimental Setup
B. Clinical Data
The following clinical data were collected from the PD subjects: age, disease duration, UPDRS scores. The following UPDRS subscores were computed by summing the scores of selected items of the UPDRS: 1) postural instability and gait difficulties (PIGD) subscore [14] ; 2) gait and posture subscore 1 In the previous study [13] , 13 females were incorrectly reported. [7] ; 3) rigidity subscore [7] ; 4) bradykinesia subscore [7] ; and 5) motor-UPDRS subscore.
Only age was collected from the CTRL subjects.
C. Processing and iTUG Measures
The iTUG was segmented into four components: Sit-to-Walk (STW), Gait, Turning, and Walk-to-Sit (WTS), as shown in Fig. 1 . The AP acceleration signal was used to identify postural transitions [8] and heel strikes [15] (see Fig. 2 ). Turning was marked manually during the trial by means of a remote control. Unlike the study by Weiss et al. [8] , the time interval following the acceleration peak was included as a part of the STW and the end of the STW was defined as the moment when the first identified heel strike occurs (Fig. 2) . The Gait component was defined as the period of straight-trajectory walking in a steady state. The Gait component starts after the end of the STW (the first identified heel strike is not part of the Gait component), does not include Turning and does not include the last two identified heel strikes. These last two steps were considered part of the following WTS component, assuming they are the ones that the subject does to prepare for sitting. This latter assumption looked reasonable after direct observation of movement patterns in both PD and CTRL subjects. The complete set of measures that were considered for each iTUG component is reported and described in Table I .
Duration was considered for each component; summary measures of the signal (root mean square, normalized jerk score) were computed for each transition (STW, Turning, and WTS). Acceleration was filtered at 20 Hz before the computation of the root mean square (RMS) of the acceleration.
Normalized jerk score (NJS) was defined by analogy with Caby et al. [16] : the acceleration was bandpass filtered between 0.15 and 5 Hz (zero lag fourth-order Butterworth filter) to limit the effect of very slow or abrupt variations on the derivative of the acceleration. NJS was normalized with respect to the total movement time.
With regard to Gait measures, step time (Tstep) was computed by identifying heel strikes as described in Zijlstra et al. [15] . Tstep was also computed for the Turning component. Cadence (number of steps/min) was not considered as a distinct feature since it can be obtained by dividing 60 s by Tstep. The measures related to the Gait phase [mean phase, standard deviation -STD-of the phase, coefficient of variation -CV-of the phase, and phase coordination index (PCI)] were computed according to Plotnik et al. [17] . Harmonic ratio (HR) was computed as described in Menz et al. [18] : acceleration was lowpass filtered at 20 Hz (zero lag fourth-order Butterworth filter). NJS was also computed for the Gait component (see Table I ).
D. Feature Selection Procedure
For each subject the mean values of each measure across the three consecutive trials were considered in the subsequent feature selection procedure.
One of the aims of the present study is to select a reduced subset of informative and reliable features which can discriminate between the two populations by using a classifier. To this aim, we evaluated classifiers which are easy to interpret and visualize (at least for low dimensions) and that could be easily integrated into the feature selection procedure that we designed. Chosen classifiers included: the linear and quadratic discriminant analysis (LDA and QDA, respectively) and the Mahalanobis classifier (MC). The feature selection procedure we designed (see Fig. 3 ) has two steps: first, features which were found to be unreliable (according to the criteria defined in Section II-E) were discarded; second, an algorithm was designed to find the best subset among the reliable features. The second step of such a procedure is a modified and an improved version (in terms of generalizability of the accuracy estimates) of the one we designed in a previous paper [13] . It is characterized by a nested cross validation (see Fig. 3 ): the external Leave-One-Out cross-validation (LOO CV) is used to evaluate the final discrimination ability of the classifier by misclassification rate (MR); it was chosen because of the small sample size. This external LOO CV divides the database into 40 (the total number of subjects) different combinations of training and testing sets ( , with in Fig. 3 ). An internal 10-fold CV was performed on each resulting in order to find the best subset related to that specific training set. In each internal 10-fold CV an exhaustive search was performed (all subsets of all cardinalities) to find the subset that optimizes the objective function. Following the wrapper approach [19] , the penalized MR of the considered classifier in , obtained by the internal 10-fold CV, was the objective function to be optimized; the 10-fold CV was repeated ten times to limit the variance of the results, as in [19] . The penalty which was added to the obtained MR penalizes feature subsets with many features (as in [19] ). The penalty was set to 0% for subsets of a single feature and 1% for each extra feature. The cross-validated penalized MR (mean and standard deviation across the ten repetitions) was computed for all the subsets of all cardinalities to find the subset with the minimum value (see Fig. 4 , where it corresponds to a subset of four features). The best subset for was then selected as the smallest one which had an objective function lying within one standard deviation from the minimum (in Fig. 4 it corresponds to a subset of three features). The complexity penalty and the selection within one standard deviation were both performed in order to select the smaller of two feature subsets that showed a comparable estimated misclassification rate. This was done in order to avoid overfitting, because in high-dimensionality settings (few samples, many features) smaller subsets of features are preferred [19] .
Finally, the accuracy of the classifier (MR) built with the final subset was evaluated by the external LOO CV: for each combination of and , the classifier is trained in with the best subset specific to and then it is tested in . It is possible that different subsets (possibly of different cardinalities) are selected in different training sets; therefore, the final selected cardinality is the cardinality most frequently chosen among the 40 training sets; the final selected subset is the one chosen most frequently among the best subsets of the selected cardinality. The 95% confidence intervals (CI) of the final MR estimate, which are reported in Table III , were computed according to Witten et al. [20] . 
E. Statistical Analysis
A repeated-measures ANOVA was used to identify differences between PD and CTRL groups, with the three consecutive trials as the within factor and group as the between factor.
Since a high number of features were tested on the same dataset, we applied the correction of Benjamini & Yekutieli for multiple testing procedures [21] .
Test-retest reliability was assessed separately for the CTRL and PD groups by means of Intraclass Correlation Coefficient (ICC) [22] . According to the guidelines provided in Shrout et al. [22] , the ICC (3,1) was chosen for the analysis of reliability, because the same device (accelerometer) was used for each trial of each subject. According to [23] , an ICC value lower than 0.4 is considered as an indicator of poor reliability, an ICC value between 0.4 and 0.75 as a fair to good reliability and an ICC value higher than 0.75 indicates excellent reliability [23] . On this basis, the criteria to discard unreliable features for the first step of the feature selection procedure was defined as the following: a feature must have the lower bound of the confidence interval of its ICC greater than or equal to 0.4 for both CTRL and PD groups in order to be considered reliable (see Table II) ; otherwise, the feature is discarded.
A Pearson's correlation analysis was performed between the acceleration-derived measures which were thus found to be reliable and the available clinical data (age, disease duration and UPDRS subscores). To this end, the average of the acceleration-derived measures across the three trials was considered for each subject. Correlation was performed separately for the PD and CTRL groups. MATLAB R2011a was used for the signal processing, feature selection, and correlation analysis. NCSS version 2007 was used for repeated-measures ANOVA and IBM SPSS version 19 was used to compute intraclass correlation coefficients.
III. RESULTS
A. Statistical Properties of Acceleration-Derived Measures
Mean values and standard deviations of each measure (for the three consecutive trials for each subject) are reported in Table II for both CTRL and PD groups. Table II also shows statistical significances of the repeated-measures ANOVA for the within (consecutive trials) and the between (group) factors, and testretest reliability. Significant group differences were found for six measures; however, no differences for the within factor were found. All ICCs are reported along with their 95% confidence interval; negative values, due to a negative average covariance among items which violates reliability model assumptions, are replaced by zeros. Fifteen measures out of 37 were found to be reliable according to the adopted criteria (see Section II-E and Table II ).
B. Feature Selection and Classifiers Performance
In Table III , the results of the feature selection procedure are reported: the best classifier (the one with the lowest MR, 22.5%) is the LDA classifier; the corresponding best subset is made of one measure from STW and two measures from Turning. Two measures from Gait are selected by the second-best classifier (QDA, 27.5%). The MC shows the worst MR.
C. Correlation Between Acceleration-Derived Measures and Clinical Data
In the PD group: i) Total Duration positively correlates with the gait and posture subscore , with the , and with the PIGD subscore
; ii) HR, in both the ML and V directions, negatively correlates with the gait and posture subscore ( , and , respectively); iii) Turning RMS in the V direction negatively correlates with the gait and posture subscore and with the rigidity subscore . In the CTRL group both Gait NJS and Turning NJS in the ML direction are negatively correlated with age ( , and , ).
IV. DISCUSSION
A. Instrumented Timed Up and Go
The iTUG used in the present study is a modified version of the traditional TUG with an increase in walking distance from 3 to 7 m [7] , [9] and a single accelerometer worn on the lower back [8] , [11] . The increased walking distance was chosen to obtain a better characterization of the steps from the acceleration signals [9] , and the setup with a single accelerometer was chosen to obtain a simple and low-cost protocol [8] .
B. Characteristics of Acceleration-Derived Measures
As expected [5] , the total duration of the iTUG is characterized by an excellent test-retest reliability ( , see Table II ) but it is not sensitive to group differences for early stages of the disease (as in Zampieri et al. [7] ). However, it positively correlates with the severity of clinical subscores of gait and posture impairment and rigidity in PD subjects. As shown in Table II , the average total trial duration of a CTRL subject s does not significantly differ from that of a PD subject s . It could be argued that the lack of sensitivity observed in the current study is due to the differences in walking distances, since a 7-m iTUG was used instead of the traditional 3-m TUG; however, Zampieri et al. [7] already showed that in a comparable population the traditional 3-m TUG did not show any significant group differences.
In the Sit-to-Walk component all the measures were discarded because of low reliability with the exception of the RMS in the AP direction.
In the Gait component, all traditional measures related to gait variability (variability of Tstep, variability of Phase, PCI) show poor reliability and no group differences. A possible explanation of this result is that the 7-m distance (even if was increased with respect to the traditional 3-m distance) was not enough to obtain an adequate number of steps (or strides).
On the other hand, Gait Tstep along with most of the normalized jerk scores and harmonic ratios showed good to excellent reliability. Interestingly, Gait Tstep showed no group differences, in contrast with Salarian et al. [9] where PD subjects of comparable age and disease severity (comparable Hoehn & Yahr stages and motor-UPDRS scores) and healthy age-matched subjects were considered. The three main differences between the two data sets that could explain the contrasting results are that in Salarian et al. [9] : i) the PD subjects had never taken anti-Parkinson medications; ii) no corrections for multiple testing procedures were applied; and iii) the sample size was smaller (12 PD, 12 CTRL).
Unlike Tstep, normalized jerk scores and harmonic ratios showed significant group differences. PD subjects are characterized by lower values of harmonic ratios both in AP and V directions (see Table II) ; low values of harmonic ratios may be due to low smoothness and rhythmicity of trunk motion while walking [24] . A possible explanation is that in healthy subjects the foot contact is characterized by a smooth heel-to-toe pattern, while this may already be degraded in early-mild PD, thus leading to a prominent flat-footed gait and a reduced rolloff [25] , [26] . The observed reduction of HR values in PD subjects is consistent with previous literature results, which support the interpretation that a reduction in HR values reflects degradation in walking stability and motor control [24] , [27] - [31] . Further supporting this interpretation, we found that PD subjects with increasing gait and posture impairments have decreasing HR values, as reflected by their negative correlation with the gait and posture subscore (Section III-C). It has to be noted that Lowry et al. [24] found speed-related changes in HR values; in the present study this was not an issue because the gait velocity (which is proportional to gait time, since the distance is fixed) did not differ between CTRL and PD (Table II) .
The normalized jerk score during Gait measures the time-normalized dynamic of the acceleration signal during a step: fast and large variations in the signal lead to high values of this measure. Lower NJS values were found in PD subjects both for the AP and ML direction. This reduced dynamic of the acceleration signals (low and small variations) could be related to a general loss of complexity of the motor control system, leading to a loss of adaptivity in motor strategies. Besides being lower in PD with respect to CTRL, Gait NJS in the ML direction tends to decrease as age increases in CTRL subjects.
In the Turning component, most of the measures were sufficiently reliable (Table II) but only one was both reliable and significantly different between groups: the NJS in the ML direction. This measure was found to be lower in PD subjects. As in the Gait component, the dynamic of the ML acceleration during Turning was found to be reduced in PD with respect to CTRL and to decrease as age increases in CTRL subjects.
In the Walk-to-Sit component none of the measures was sufficiently reliable; this is probably because a single accelerometer was not enough to accurately segment this component. It is possible that the addition of a gyroscope would improve the quality of the segmentation and also permit the extraction of new, reliable gyroscope-based measures.
C. Accuracy in Discriminating Between CTRL and PD Subjects
A subset of three reliable features from the Sit-To-Walk and Turning components (STW RMS AP, Turning NJS ML, and Turning NJS V) could obtain the best misclassification rate (22.5%), in combination with the LDA classifier. In order to have a generalizable result, the final misclassification rate estimate was obtained using an independent external cross validation (not the same as the internal cross validations that are used only to select the best features). This allowed us to avoid an optimistic estimate [19] . An example of this optimistic bias can be seen in Fig. 4 ; the misclassification rate in one of the internal cross validations, even if it is penalized, would show values as low as 12.5% (10% lower than the final MR estimate of the LDA classifier).
The LDA classifier, which performed the best among the tested classifiers, has the additional advantage of being easy to interpret and visualize, especially for subsets made of few features: with the three selected features the classifier is a discriminating plane that divides the subjects' values in two parts, as shown in Fig. 5 .
The second-best subset is made of two Gait measures selected by the quadratic classifier, which can discriminate between the two populations with a misclassification rate of 27.5%.
In contrast, the Mahalanobis classifier has the worst accuracy, with a higher bound of the confidence interval of misclassification rate over 50% (see Table III ); it is therefore not suitable for discriminating between the two considered populations.
D. Limitations and Future Developments
The relatively small sample size is a limitation, reflected by the large confidence intervals of intraclass correlation coefficients in Table II and of misclassification rates in Table III . Although a nested cross validation was used to obtain a fair (rather than optimistic) estimate of the final accuracy, the small sample size reduces the generalizability of the results which should be verified in a larger sample. Correlation results could also be biased by the small sample size. This issue could be overcome by future studies implementing this setup and protocol in additional PD subjects. In this regard, it is suggested for future studies using more sensors to position one of the sensors on the lower back as in the present study. In this way the future studies will be directly comparable with this one and with similar single-sensor studies.
As already mentioned in Section IV-B, a future development could be to consider inertial sensors including a gyroscope and an accelerometer. This could improve the quality of the segmentation of the different components of the tests and the reliability of the existing measures. In addition, it could allow the extraction of new gyroscope-based measures. It is possible that these new features could improve the best misclassification rate that was achieved with this study.
In this study some of the acceleration-derived measures were found to be associated with clinical measures of disease severity. Future studies should consider different stages of the disease along with longitudinal monitoring to assess the sensitivity of acceleration-derived measures to disease severity and progression. In addition, the proposed method (single accelerometer-based iTUG and feature selection) might prove useful for quantifying the locomotor function of populations characterized by different motor impairments.
Finally, instrumented TUG, given its simplicity and reproducibility, can be used outside the clinical setting; in a pilot study, iTUG has already been used for remote home monitoring [32] . For this kind of application a smartphone-based version could also be considered, which uses the smartphone's accelerometer as the measurement device [33] . This would further improve the ubiquity, ease of use, and cost of the protocol.
V. CONCLUSION
In this study, the locomotor function of early-mild PD subjects was quantitatively evaluated using a minimal setup (a single accelerometer) to measure the performance of a simple clinical test (TUG). Using the reliable measures that were extracted from the acceleration signals in different components of the test (Total Test, Sit-to-Walk, Gait, Turning, Walk-to-Sit), we made the following observations: the performance of early-mild PD subjects OFF-medication is characterized by normal temporal measures (duration of the test, average step duration), a reduced smoothness and dynamics in trunk movement during gait, and reduced lateral dynamics in trunk movement during turning.
In addition to these results, a combination of three measures (one from Sit-to-Walk, two from Turning) was found to be able to discriminate, with the aid of a simple and easily interpretable classification algorithm, between the locomotor pattern of CTRL and PD subjects. This discrimination is achieved with a misclassification rate of 22.5% in the early-mild stage of the disease, when the temporal outcome of the traditional TUG test would not be able to discriminate between the healthy and the pathological performance.
Finally, aside from being able to discriminate between healthy and PD subjects, these results suggest that the proposed iTUG plausibly characterizes PD locomotor impairment and, hence, may be useful for evaluation, follow-up, and monitoring of therapies and disease progression.
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